The role of epistasis as a source of trait variation is well established, but its role as a source of covariation among traits (i.e., as a source of ''epistatic pleiotropy'') is rarely considered. In this study we examine the relative importance of epistatic pleiotropy in producing covariation within early and late-developing skull trait complexes in a population of mice derived from an intercross of the Large and Small inbred strains. Significant epistasis was found for several pairwise combinations of the 21 quantitative trait loci (QTL) affecting early developing traits and among the 20 QTL affecting late-developing traits. The majority of the epistatic effects were restricted to single traits but epistatic pleiotropy still contributed significantly to covariances. Because of their proportionally larger effects on variances than on covariances, epistatic effects tended to reduce within-group correlations of traits and reduce their overall degree of integration. The expected contributions of single-locus and two-locus epistatic pleiotropic QTL effects to the genetic covariance between traits were analyzed using a two-locus population genetic model. The model demonstrates that, for single-locus or epistatic pleiotropy to contribute to trait covariances in the study population, both traits must show the same pattern of single-locus or epistatic effects. As a result, a large number of the cases where loci show pleiotropic effects do not contribute to the covariance between traits in this population because the loci show a different pattern of effect on the different traits. In general, covariance patterns produced by single-locus and epistatic pleiotropy predicted by the model agreed well with actual values calculated from the QTL analysis. Nearly all single-locus and epistatic pleiotropic effects contributed positive components to covariances between traits, suggesting that genetic integration in the skull is achieved by a complex combination of pleiotropic effects.
T HE burgeoning data on genetic architecture (GA) from quantitative trait locus (QTL) analyses are making it evident that variation in most traits of interest has a complex multifactorial genetic basis (Mackay 2001) . The recognition of such complexity has emerged as the QTL paradigm has embraced increasingly complex models of the architecture of the genotypephenotype relationship (Cheverud 2000; Mackay 2001 ). However, while advances in QTL analyses have provided valuable insights into the architecture of genetic effects underlying trait variation, few studies have examined the architecture of pleiotropy underlying trait covariation, and those that have generally assume a simple GA of pleiotropy but see Cheverud 2001 . Achieving an understanding of the GA of pleiotropy and genetic covariation is important for evolutionary quantitative genetics, where genetic covariances play a central role in determining the dynamics of multivariate evolution (see Roff 1997) and form the foundation of theories of morphological integration (Cheverud 1982) . Genetic covariances also are becoming increasingly recognized as important for the molecular dissection of complex traits, where there is a current push toward analyses focused on the expression of trait suites rather than on single traits in isolation (Sing et al. 2003) .
Nearly all existing studies of the GA of pleiotropic effects have focused on cases where single loci show additive or dominance effects on multiple traits (Cheverud 2001 , but see . Analyses of the GA of variation in single traits have indicated that epistatic interactions between loci can be an important component of GA of trait variation and can significantly complicate evolutionary dynamics of traits (see Wolf et al. 2000) . For multiple traits there is the possibility that epistatic interactions between loci contribute to the GA of pleiotropic effects underlying trait covariation . Although conceptually straightforward, the contribution of ''epistatic pleiotropy'' to the GA of trait covariation has not been previously investigated (but see Mode and Robinson 1959 for a theoretical analysis of variance components). Although the importance of epistatic pleiotropy is not known, evolutionary studies of genetic correlations appear to indicate that a simple genetic basis of genetic covariation is unlikely (Gromko et al. 1991; Phillips et al. 2001; Whitlock et al. 2002) , suggesting a possible role for epistasis in the GA of covariation. The presence of epistatic pleiotropy may be particularly important for the evolution of covariance structure and trait integration because it can allow for the evolution of pleiotropic effects of loci .
There are multiple ways to conceptualize the phenomenon of epistatic pleiotropy. It can be viewed as a form of genetic effect, where the interaction between loci affects the coexpression of multiple traits. In this case, one would interpret pleiotropy as the property of a multilocus system. Alternatively, one can take the viewpoint that it is individual loci that are pleiotropic, but that the pleiotropic effects of individual loci are dependent upon the alleles present at other loci . For epistatic effects on single traits, the relationship between the physiological effects of loci (e.g., physiological epistasis sensu Cheverud and Routman 1995) and genetic variances has been modeled for single-locus and two-locus epistatic effects (see Cheverud 2000) . However, the way in which physiological epistatic pleiotropic effects of loci contribute to correlations between traits remains mostly unknown (but see Mode and Robinson 1959 for a treatment of variance components). Thus, to understand the contribution of epistatic pleiotropy to patterns of covariation between traits, we present a simple model of genetic covariances herein. Leamy et al. (1999) previously analyzed early and latedeveloping skull trait groups in mice and showed that pleiotropic effects of QTL were mostly restricted to the traits in one, but not both, of these integrated groups. Given the large number of QTL identified for these traits and the demonstrably higher phenotypic integration (correlation) of traits within groups compared to that between groups (Leamy et al. 1999) , these data appeared to be ideally suited for an analysis of epistatic pleiotropy. We therefore estimated the strength and patterns of physiological epistatic pleiotropy brought about by interactions among these QTL affecting traits within these two skull groups and compared the results to those for single-locus pleiotropic effects. These results are combined with the two-locus population genetic model of epistatic pleiotropy to examine how various patterns of two-locus genetic effects contribute to covariation between traits and corresponding patterns of integration. As will be seen, the theoretical extent of epistatic pleiotropy predicted by this model for trait pairs matches quite well with actual values calculated from the QTL analysis.
MODEL
To understand how single-locus and epistatic genetic effects contribute to the genetic covariance between the skull traits, we develop a two-locus population genetic model. We extend the Cockerham (1954) 
The genotypic values are arrayed in the vectors X and Y.
The nine genotypic values for each of the two traits can be completely described by a constant (C ) and a set of eight genetic parameters. Four single-locus effects correspond to the additive (a) and dominance (d) effects of each of the two loci and four interaction effects correspond to pairwise interactions between the four single-locus effects. We refer to the first four as ''singlelocus'' effects to indicate that they correspond to marginal effects of the two loci. For the single-locus effects, two subscripts are used to indicate the locus (A or B) and the trait (X or Y ) that the effect corresponds to. For example, a AX is the additive effect of locus A on trait X. The four interaction effects are additive-by-additive (aa), additive-by-dominance (ad), dominance-by-additive (da), and dominance-by-dominance (dd). Interaction effects have a single subscript indicating the trait that they are associated with. The constant and the eight genetic parameters define a pair of vectors (G X and G Y ) describing the genetic effects of the two-locus system for each trait:
aa X ad X da X dd X 2 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 4 5
: ð2Þ
Thus, the vectors of genotypic values for the two traits can be described by the equations
Because both are based on the same matrix of index values, the eight regression coefficients estimated in the epistasis analysis (see below) correspond to the eight parameters in the model of genotypic values.
Variances and covariances: The frequencies of the nine two-locus genotypes are designated F i , where the subscripting follows that of the genotypic values, and are given in Table 1 . These frequencies are arrayed in the vector F.
The genetic variance of a trait (in this case trait X) is given by analyze interactions between loci on the same chromosome.) For this population, the expected genetic variances of the two traits and the covariance between them contributed by two loci were derived using the genotypic values in Equation 2 and the frequencies from Table 1 . The genetic variance of trait X is given by the equation
(an analogous equation can be written for trait Y ). The covariance between traits is given by
The structures of the variances and covariance are analogous in that both can be partitioned into two classes that reflect the types of genetic effects contained in the terms: single-locus and epistatic effects. Consider the covariance equation (Equation 4 , correspond to the dominance genetic covariance between the traits. We refer to this class collectively as single-locus effects. These are the covariance terms that result from the familiar singlelocus pleiotropic effects. Note that a locus must show the same type of effect on both traits (i.e., must have either an additive effect or a dominance effect on both traits). If the sign of the effect of a locus on the two traits is the same, its contribution to the covariance will be positive and if the sign of effects is opposite, its contribution will be negative. We refer to the former as positive pleiotropy and to the latter as negative pleiotropy. Thus, one can see that the sign of pleiotropy is not related to the sign of the QTL effects, only to the sign of the product of their effects. The second class (Equation 4, line 2) results from cases where the pair of loci has an epistatic effect on both traits. There are four terms in this class, corresponding to the four types of epistasis. Note that, as with single-locus effects, both traits must show the same pattern of epistasis for epistasis to contribute to the genetic covariance between the traits. Together, these four terms correspond to the epistatic genetic covariance between traits.
From Equation 4 we can see that single-locus additive effects have the greatest impact on the covariance when examined on a per term basis. Dominance and epistatic effects have a smaller impact, with dd epistasis having a smaller effect than the forms of epistasis that contain an additive component in the interaction.
The contribution of pleiotropic loci involved in multiple epistatic interactions to the covariance between traits was also derived using this same genetic model. These kinds of effects occur when a single locus affects a pair of traits, but its effect on each trait depends on its interaction with a different locus. For example, if locus A interacts with locus B to affect trait X while locus A interacts with locus C to affect trait Y we would consider locus A to be pleiotropic since it affects both X and Y, but its pleiotropic effect is modified by two other loci. These types of effects could contribute considerable complexity to the genetic architecture of pleiotropy, but they do not contribute to the covariance between traits in the population studied here. As a result, we do not present the derivation of these covariances or discuss these effects here.
MATERIALS AND METHODS
QTL analysis-the population and traits: The house mice used in this study were the F 2 progeny of F 1 hybrids obtained from an original intercross of the Large (LG/J) and Small (SM/J) inbred strains. All mice were bred under conditions previously described (Cheverud et al. 1996) , and eventually 535 individuals were sacrificed at 70 days of age, and their spleens were removed for DNA extraction. A total of 76 polymorphic microsatellites on the 19 autosomes were scored in these mice , with their positions determined through the use of the MAPMAKER 3.0b program (Lander et al. 1987; Lincoln et al. 1992) as previously given (Cheverud et al. 1996; Leamy et al. 1997) . Altogether, these 76 loci defined a total of 55 intervals between loci with an average interval length of 27.5 cM. Leamy et al. (1999) originally measured a total of nine skull traits in these mice from both the early developing neurocranial vault and the face area that completes its growth much later in postnatal life (Moss 1973; Moore 1981; Bogin 1988) . We made use of eight of these same traits, including the cranial vault width (CVW), height (CVH), and length (CVL) that represent the early developing group. We used the facial length (FCL), height (FCH), and width (FCW) and zygomatic arch width (ZYW) and length (ZYL) to represent the latedeveloping group. Leamy et al. (1999) also measured basicranial length (BCL), but this trait was not used because it cannot clearly be classified into either the early or the late-developing group. Precise descriptions of these traits, as well as a calculation of the amount of measurement error involved, are given in Leamy et al. (1999) .
Single-QTL analyses: After appropriate adjustment of all skull traits for potential effects of sex, dam, block, and litter size (see Leamy et al. 1999) , we ran separate QTL analyses for the three early developing skull traits and for the five latedeveloping skull traits. We used the interval mapping approach described by Haley and Knott (1992) , except that multivariate canonical correlation rather than regression techniques were used to allow us to simultaneously analyze all traits in each group and thus identify QTL pleiotropically affecting more than one of these traits. This canonical correlation approach to QTL mapping has been previously described (for example, Workman et al. 2002) and is outlined below.
Index values were assigned to genotypes following the Cockerham (1954;  Genotypic index values were imputed every 2 cM between flanking microsatellite markers, using the previously calculated recombination percentages on each chromosome (see Cheverud et al. 1996) and the equations in Haley and Knott (1992) . Canonical correlation of the index values with the skull traits was then performed at each position 2 cM apart on all chromosomes.
For each of the 19 autosomes, the canonical correlation analyses generated F-values with their associated probabilities that were converted to a linear scale by logarithmic transformation [LPR ¼ log 10(1/Prob.)] to make the results comparable to LOD scores obtained via maximum-likelihood analysis (Lander and Botstein 1989) . QTL were considered significant when the largest LPR value on a given chromosome exceeded the 5% (and 1%) threshold values calculated from 1000 permutations for each chromosome. An experimentwise threshold value that ensured no greater than 5% type I error in QTL testing across the entire genome also was obtained from the 50th (5%) highest LPR scores that were observed on any chromosome during each of 1000 iterations (Churchill and Doerge 1994) . QTL were assigned to the position of the largest LPR value on a chromosome. If a QTL was found on any chromosome, the presence of two QTL was also tested for (see Leamy et al. 1999 
for details).
Sex-specific QTL effects also were tested for by first assigning a code for the sex (males ¼ 1, females ¼ 2) of each individual. A whole-genome scan for the skull traits (in each of the separate groups) was then run as before, but for the interaction of sex with the additive and dominance genotypic index values (but also partialing the main effects due to genotypic values and sex). Chromosomewise and experimentwise threshold LOD values again were estimated by permutation tests, and chromosomes with significant LOD values were assumed to contain a QTL whose effects differed in the two sexes. No significant sex effects on the expression of these QTL were found, however, so sexes were combined in all subsequent analyses.
Once the positions of all QTL on each chromosome were established, we ran multivariate regressions of the traits on the additive and dominance genotypic index values for the QTL at that site to test for significance for each trait and to estimate additive (a) and dominance (d ) genotypic values. For each chromosome with two QTL, tests of significance were done with canonical correlation where effects of the other QTL were partialed out, and then regressions were run that included the genotypic index values at the site of the QTL not being analyzed. For each trait found to be significant in the F-test from the regression, the a-and d-values were tested for significance using individual t-tests.
If each of two or more traits reached significance at the 5% level for a given QTL, it was assumed that a QTL was pleiotropically affecting these traits. Because of the developmental relationship among the skull traits being analyzed, we assume that cases where QTL affect multiple traits are the result of pleiotropic effects rather than close linkage of separate genes. However, it is possible that common QTL positions for multiple traits could result from linkage between independent genes affecting trait expression. For this suite of traits it appears that the most parsimonious assumption is for pleiotropy rather than linkage due to their shared developmental pathways. The general implications of the analyses presented here apply equally well in either case since closely linked genes will act as a single QTL in this population and thus understanding their contribution to patterns of covariation should depend on the net influences of the linkage group and not necessarily on individual gene effects.
Epistasis analysis: We tested for significant interactions among each pair of QTL for the early and late-developing trait groups, using the canonical correlation of the epistatic index values from the Cockerham model (shown in Equation 2) with the skull traits, partialing out the single-locus additive and dominance effects of both of the loci. Locations that showed a significant interaction between QTL were then analyzed using multivariate regressions of the traits on the additive, dominance, and epistatic genotypic index values for the pair of QTL to test for significance for each trait and to estimate the four epistatic genotypic values (Equation 1).
We used the conventional 5% significance level without adjustment for multiple comparisons since the locations for epistasis testing were chosen because of their significant main effects but without any prior knowledge of potential epistatic effects (Goodman 1998; Thompson 1998) . As was the case for single-locus pleiotropy, if two or more traits reached significance for a given pair of QTL, it was assumed that these QTL were pleiotropically affecting these traits. For those pairs of QTL reaching significance, testing for the individual significance of each of the four genotypic epistasis terms (aa, ad, da, and dd ) was done via individual t-tests.
Estimation of covariances: To specifically assess the impact of QTL on trait integration in the early and late-developing skull groups, we computed seven [phenotypic, additive genetic, dominance genetic, one-locus genetic (additive 1 dominance), two-locus genetic (epistatic), total genetic (one-1 two-locus genetic), and environmental] sets of covariances for each pair of traits. Phenotypic covariances were calculated for the traits not adjusted in any way, and environmental covariances were calculated from the residuals of a regression of each trait on all total genetic effects that reached significance in the QTL analyses.
To calculate the additive, dominance, single-locus, epistatic, and total genetic covariances, we first obtained residuals from regressions of each of the individual traits on its significant genetic effects. Variances/covariances calculated from these residuals then were subtracted from the corresponding phenotypic variances/covariances to yield for each the various genetic variances and covariances of the traits. Correlations for each pair of traits also were calculated for each of the seven genetic and environmental categories by division of the appropriate covariances by the square root of the product of the variances.
Expected variances and covariances from the two-locus model: The additive, dominance, and epistatic QTL effects estimated by multiple regression were used to calculate the expected variances and covariances of the skull traits in the early and late-developing groups using Equations 3 and 4. These equations give the variance and covariance contributed by each locus or two-locus combination, but many loci and interacting pairs may contribute to each variance or covariance. Because the individual variances and covariances are additive, the overall expected variances and covariances are calculated as the sum of the components contributed by each locus or two-locus combination.
Correspondence between predicted and estimated variances and covariances: The utility of the model was evaluated by examining the relationship between the expected variances and covariances (genetic, additive, dominance, and epistatic) from the genetic model and the variances and covariances estimated from the multivariate regression procedure using a model II regression (reduced major axis, RMA) and correlations. Together, these two statistical approaches allow us to describe the shape of the bivariate distribution. The regression indicates the form of the relationship between the observed and expected values while correlation indicates the strength of the relationship. In a model II regression, if the genetic model predicts the correct relative values of the variances or covariances, the slope (b) will be 1 and the constant (intercept) (c) will be 0. Deviations from a slope of 1 indicate that the model predicts relative values (i.e., relative to the mean) that are either smaller (when b . 1) or larger (b , 1) than those estimated using the regression residuals approach. Because variance and covariance values can be difficult to interpret, we present the regression constants as proportional to the estimated values (i.e., these were calculated by dividing the constants by the overall means of the estimated values). For example, a value of 0.1 would indicate that the constant is 10% of the average estimated value. A nonzero constant indicates that the covariance values are, on average, larger or smaller than predicted. The relationship between the estimated and predicted genetic correlations was also analyzed using RMA regressions and correlations.
RESULTS
Single-QTL effects: QTL for the early (designated E ) and for the late-developing traits (designated L) are listed in Table 2 and are symbolized by numbers and extensions that indicate chromosome number and whether they are the first or second QTL on that chromosome.
For the early developing traits, 21 QTL were identified. Pleiotropy is present for 10 of these QTL, with 6 QTL affecting all three traits and 4 QTL affecting two of the three traits. E19 reached multivariate significance in the canonical correlation runs, but not univariate significance for any of the three traits. This likely indicates a combination of effects that is in contrast to the pattern of phenotypic correlation among these traits. These 21 QTL contribute 33, 29, and 31%, respectively, of the variance of CVW, CVH, and CVL. The majority QTL have positive additive genotypic (a) values for the three traits. This suggests that the LG/J allele at these QTL results in larger skull traits than the SM/J allele. Significant d-values are fairly prevalent (18 of 36 total possibilities) and most are positive.
For the late-developing traits, 20 QTL were identified. Again 1 QTL (L17 ) reached multivariate but not univariate significance for any of the five traits. Pleiotropy is present for 16 of the 20 QTL. Thus pleiotropy for the QTL affecting the late-developing skull traits appears more prominent, although this is primarily due to the fact that five rather than three traits are being used.
For late-developing traits, individual QTL contributed 19, 29, 32, 30, and 35%, respectively, of the variance for FCL, FCH, FCW, ZYW, and ZYL. Most QTL show positive additive effects but 14 QTL showed significant dominance. On the basis of the relative magnitude of dominance effects in the early vs. late QTL, it appears that dominance is less important for the QTL for the late-developing traits compared with those for the early developing traits.
Epistatic effects: Tests for pairwise combinations of the 21 QTL affecting the early developing skull traits showed that a total of 29 combinations reached significance at the 5% level (Table 3 ). This is much higher than the 10 or 11 expected by chance alone (for P ¼ 0.05). All of these 29 pairs of QTL affected only a single trait. This result is significantly different (x 2 ¼ 18.2, d.f. ¼ 1, P , 0.001) from the ratio of single-locus pleiotropy described above, suggesting that epistatic pleiotropy is much less common than single-locus QTL pleiotropy within this trait group. All but 2 (E12.1 and E13) of the 21 QTL are involved in significant epistatic interactions for one or more of the early developing skull traits. One QTL (E2) is involved in six significant interactions, and several other QTL appear in a large number of interactions (e.g., E7.1 is in five interactions). The importance of E2 is apparent, and even though this QTL by itself significantly affected only CVL (Table 2) , its interactions with other QTL primarily affect CVH. These 29 epistatic combinations contribute 11, 14, and 14%, respectively, to the variance of CVW, CVH, and CVL. A model including both the single-locus and significant epistatic effects of the 21 loci accounts for 39, 36, and 40%, respectively, of the variance of CVW, CVH, and CVL. 
QTL are shown with their locations (Site) in centimorgans from the first marker on each chromosome. Each QTL is designated E or L for the early or late-developing traits and with a number and extension indicating its chromosome number and whether it is the first or second QTL on that chromosome. Significant (P , 0.05) additive (a ) and dominance (d ) effects are indicated in parentheses. 
Epistatic components (aa, ad, da, and dd ) significant at the 5% level also are given in Table 3 for each early developing trait reaching overall significance for epistasis. All four epistatic combinations are represented, their frequencies of 3 (aa ), 6 (ad ), 5 (da ), and 2 (dd) not being significantly different from a 1:2:1 (ad and da are combined because they differ only in the arbitrary order of the loci and, therefore, represent the same type of genetic effects) ratio (x 2 ¼ 2.38, d.f. ¼ 2, P ¼ 0.30). For the late-developing skull traits, a total of 38 pairs of QTL reached statistical significance for overall epistasis (Table 4) . Fourteen of these pairs are pleiotropic and significantly affect more than one trait. This ratio of 24:14 is significantly different (x 2 ¼ 11.4, d.f. ¼ 1, P , 0.001) from the comparable 3:16 ratio for singlelocus pleiotropy. Thus epistatic pleiotropy for the latedeveloping skull traits also is not as common as the pleiotropy generated from individual QTL. All 20 QTL are involved in significant epistatic interactions for one or more of the late-developing skull traits. These 38 epistatic combinations contribute 10, 11, 23, 26, and 14%, respectively, to the variance of FCL, FCH, FCW, ZYW, and ZYL. A model including both the single-locus and significant epistatic effects of the 20 loci accounts for 38, 34, 49, 44, and 45%, respectively, of the variance of FCL, FCH, FCW, ZYW, and ZYL.
Epistatic components (aa, ad, da, and dd ) significant at the 5% level for the late-developing traits (Table 4) show a pattern similar to that for the early developing traits. The totals over all five traits for the aa, ad, da, and dd epistatic types, respectively, are 14, 14, 19, and 27. These numbers do not deviate significantly (x 2 ¼ 5.43, d.f. ¼ 2, P ¼ 0.066) from a 1:2:1 ratio, despite the overabundance of dd and an underabundance of aa.
Trait covariances: Table 5 shows the phenotypic, genetic, and environmental covariances of each pair of traits in the early and late-developing skull groups derived from the analysis of single-locus effects and twolocus epistasis of the 21 QTL found to significantly affect the early developing and the 20 QTL affecting latedeveloping skull traits. Table 5 also includes covariances and the correlations (in parentheses) calculated from these covariances, using the corresponding estimates of the genetic and environmental variances. Early and late-developing traits show very similar patterns of trait correlations, with the average values of all seven of the correlations shown in Table 5 being nearly identical for the two sets of traits. For both sets of traits, all of the genetic effects contribute to trait integration and produce very similar average correlation values. In contrast, the environmental correlations are much smaller than the genetic correlations and tend to reduce the average level of integration of the traits, making the phenotypic correlations smaller than any of the genetic correlations. Two-locus model predictions and fit with covariance estimates: Expected single-locus (additive, dominance, and total), epistatic, and total genetic covariances and correlations are presented in Table 6 . These values were calculated using the coefficients from the multiple regression in the QTL analysis and Equation 4. Table 6 also includes a count of the number of positive and negative components contributing to each covariance. These correspond to the numbers of loci or epistatic combinations that show either positive or negative pleiotropy on that pair of traits. The total counts of positive and negative terms are listed in the rows of means and do not represent mean counts, but totals for the covariances 
included in the means. These counts demonstrate that the vast majority of pleiotropic effects (84 of 88) contribute positively to covariances between traits (with all of the epistatic pleiotropic effects contributing positive components to the covariances). This directionality of effects may be interpreted as consistent with the pattern of genetic integration, where the sign of pleiotropic effects tends to be similar within trait groups (see below).
TABLE 6
Expected covariances and correlations within early and late-developing trait groups Shown are expected covariances of each pair of traits in the early and late-developing skull groups calculated using the covariance model (Equation 4 ) and the regression coefficients from the QTL analysis. Correlations in parentheses were calculated by standardizing covariances with the appropriate expected variances (calculated using Equation 3) of the traits. Shown in brackets are the numbers of positive and negative components [positive:negative] that sum to give the overall covariance. For example, in the case of the single-locus covariances these numbers correspond to the numbers of loci with positive and negative pleiotropic effects contributing to the covariance.
TABLE 5
Covariances and correlations of traits in the early and late-developing groups Shown are covariances of each pair of traits in the early and late-developing skull groups calculated from phenotypic, genetic (single-locus effects 1 epistatic), additive genetic, dominance genetic, single-locus (additive and dominance effects), epistatic, and environmental covariances. Correlations in parentheses were calculated by standardizing covariances with the appropriate variances of the traits.
The total genetic covariances predicted from the model are strongly correlated with those estimated from the multivariate regression procedure (r ¼ 0.94) and the RMA regression indicates that the values predicted from the model were very similar to the estimated values (b ¼ 0.92, c ¼ 0.13). Single-locus covariances predicted from the model were also strongly correlated with those estimated from the multivariate regression procedure (r ¼ 0.93) and the RMA regression indicated generally good agreement between the predicted and measured values (b ¼ 0.82, c ¼ 0.14). However, the predicted additive genetic covariances showed a much closer match than did the dominance covariances (r ¼ 0.95 for the additive vs. r ¼ 0.56 for the dominance). This pattern was also reflected in the RMA regression, which indicated that, overall, the predicted additive covariances were closer to the estimated covariances than were the dominance covariances (b ¼ 0.86, c ¼ 0.12 for the additive vs. b ¼ 0.58, c ¼ 0.63 for the dominance). This pattern is primarily the result of the fact that the model predicted a large number of zero-dominance covariances (6 of 13), but none of the estimated dominance covariances were zero. Predicted and estimated epistatic covariances were also strongly correlated (r ¼ 0.70), although less so than the single-locus values. The RMA regression slope indicates some lack of agreement between the two sets of values (b ¼ 1.51, c ¼ 0.50), which is due to the fact that the model predicts a number of zero covariances (6 of 13), while none were zero in the covariance analysis.
To simplify the presentation of the model results we do not present the predicted variances for the traits calculated from the model. The estimated single-locus, additive, dominance, epistatic, and total genetic variances are all highly correlated with the values predicted from the model (r ¼ 0.96, 0.99, 0.83, 0.99, and 0.98, respectively) . However, the RMA regression slopes indicate that the model predicted larger variances than were observed (b ¼ 0.61, 0.68, 0.50, 0.36, and 0.28 for the single-locus, additive, dominance, epistatic, and total genetic variances, respectively). All of the regression constants were near zero except for the dominance regression constant, which had a value of c ¼ 0.21.
The covariances and variances can be combined to examine the relationship between the predicted and estimated correlations. Correlations are often of interest because they are easy to interpret and may be seen as a critical measure of the strength of integration of traits. However, because they are composite terms, they are prone to inflation of errors. This is clearly seen in the pattern of correlations estimated here. The predicted and estimated single-locus, additive, and epistatic correlations show only moderate to low correlations (r ¼ 0.44, 0.36, and 0.27, respectively) . The predicted and estimated dominance correlations show almost no relationship, with a slightly negative correlation between the two (r ¼ ÿ0.21, which is not significantly different from zero). Again, this is primarily due to the fact that a large number of the dominance correlations were expected to be zero, but none were estimated as zero. The predicted and expected total genetic correlations showed a much stronger correlation (r ¼ 0.71), suggesting that, when all of the genetic information is combined, the overall patterns of estimated values are strongly correlated with those predicted.
DISCUSSION
There has been a great deal of interest in understanding the contribution of various forms of physiological genetic effects (e.g., additive, dominance, and epistatic) to patterns of genetic variation within populations. With the emergence of the QTL paradigm there has been a rapid advancement in our understanding of the contribution of physiological genetic effects to the genetic architecture of trait variation. However, the genetic architecture of covariation between traits remains largely unknown (but see . As is the case with genetic variances, genetic covariances can be the result of single-locus additive or dominance effects and may also be produced by epistatic interactions between loci . While this follows logically from quantitative genetic theory (Mode and Robinson 1959) , few theoretical or empirical analyses have examined the contribution of epistatic interactions to the genetic architecture of covariances between traits. discuss the closely related concept of differential epistasis, which occurs when epistatic interactions between pairs of loci are different for pairs of traits. However, in their analysis of differential epistasis, they did not explicitly examine epistatic pleiotropy or differential epistasis per se, but rather inferred the possible presence of differential epistasis from cases where the relationship between two traits varies with the genotype at a particular locus (see also . The two-locus population genetic model presented herein provides a framework for explicitly examining the contribution of epistatic interactions to covariation between traits. This model also allowed us to interpret the QTL analysis results in terms of their influence on patterns of genetic covariances and corresponding patterns of integration.
Pleiotropy and covariation: It is often assumed that pleiotropic alleles necessarily contribute to covariation and that, in the presence of pleiotropy, the only way to have no covariation between traits is to have a balance of positive and negative pleiotropy. However, the results of the model clearly demonstrate that it is possible to have unbalanced pleiotropy (e.g., all positive pleiotropy) and no covariation. For single-locus effects, this lack of covariation can be achieved only when a locus shows an additive effect on one trait and a dominance effect on a second trait. This scenario does not contribute to covariation between traits in this population of intercross mice (where there is linkage equilibrium across chromosomes and equal allele frequencies) because the effects of the genotypes on the two traits are orthogonal. However, one would clearly consider this locus pleiotropic since it affects the expression of two different traits. The contributions of epistatic pleiotropic effects to covariances between traits show this same basic phenomenon: if the effects are orthogonal, then they do not contribute to a covariance between traits since the effects of a locus on the two traits are independent of each other. Since all genetic effects are orthogonal under the Cockerham (1954) model, a pair of traits must show the same pattern of epistasis for epistasis to contribute to their covariance.
In our QTL analysis we see the importance of the distinction between pleiotropic effects of loci and patterns of pleiotropy that lead to trait covariances. Although we found a high degree of pleiotropy (10 of 20 loci show significant effects on multiple traits in the early group and 16 of 19 in the late group; see Table 2 ), there are many examples of pleiotropic QTL that do not contribute to covariances between traits. For example, L4.2 is pleiotropic, affecting the expression of FCH and ZYL, but because it has an additive effect on FCH and dominance effect on ZYL, the single-locus effect of L4.2 does not contribute to a covariance between these traits.
It is important to keep in mind that we have analyzed the genetics of a particular population with a defined set of allele frequencies (i.e., an F 2 population with equal frequencies of pairs of alleles at each locus) and that the contribution of various physiological genetic effects (e.g., physiological dominance or epistasis) to variances and covariances is expected to change with allele frequencies (see Cheverud and Routman 1995) . As a result, in populations where the two alleles at each locus are not at equal frequency, many of the genetic effects that are orthogonal in our study population are not statistically independent. Thus, when allele frequencies at a pair of interacting loci are not 0.5, these nonorthogonal components can contribute to covariation between traits, allowing the covariances to change as allele frequencies change.
While the contributions of epistatic effects to covariances have a straightforward statistical explanation in terms of whether genetic effects on a pair of traits are orthogonal, it may be more intuitive to think about the epistatic effects as making the sign of pleiotropic effects of a locus variable or even unpredictable . That is, one can consider the net pleiotropic effects of a locus as a weighted average of the pleiotropic effects that the locus has on the various genetic backgrounds at the other loci it interacts with. For example, locus A may have pleiotropic effects on traits X and Y but the magnitude or sign of its pleiotropic effect on each trait may be modified by its interaction with locus B. This can make the overall pleiotropic effect of locus A variable across genetic backgrounds at locus B. At the extreme, this may even result in a net pleiotropy of zero when the effect of locus A has no net pleiotropic effect when averaged across the genetic background of locus B. This dependence of the pleiotropic effects of a locus on the genetic background of other loci can provide a means by which the pleiotropic effects of a locus can evolve and contribute to changes in the pattern of covariation between traits . This issue will be discussed in a more general model elsewhere.
Implications for integration : Cheverud (1984) has shown that the genetic covariance due to pleiotropy is the weighted average of positive and negative pleiotropy at individual loci with pleiotropic effects. This basic result holds for epistatic pleiotropy, where the net covariance is the weighted average of the single-locus and epistatic effects on the covariance. Since it is ultimately single loci that are pleiotropic, we can consider the epistatic interactions as altering the pleiotropic effects of loci . As a result, the weighted average of positive and negative pleiotropic effects must first be made within a locus across genetic backgrounds to determine the net sign of the covariance contributed by pleiotropic effects of a locus. The weighted average within a locus can then be used in the weighted average across loci to determine the net overall covariance. This implies that the occurrence of epistatic pleiotropy can allow for the sign of pleiotropic effects of individual loci to change with allele frequencies, which alter the weighted average pleiotropic effect of a locus . Therefore, the presence of epistatic pleiotropy provides a means by which patterns of covariance structure and integration may evolve.
The results of the QTL analysis demonstrate that, for cases where a pair of loci shows epistatic effects, the epistasis does not alter the overall sign of single-locus pleiotropic effects of the loci since nearly all epistatic pleiotropic effects are of the same sign as these singlelocus effects (positive). As a result, while epistasis can introduce variation into the sign or magnitude of the pleiotropic effects of these loci when viewed across genetic backgrounds, its net effect is to contribute positive components to covariances produced by loci in this population. Although there are a number of cases where loci that show a single-locus effect on one trait show an epistatic effect on a second trait that is of opposite sign, these do not contribute to covariances.
Across loci, it is clear that single-locus effects contribute to patterns of integration since all 18 single-locus effects contribute positive covariance components to early developing traits and 52 of 56 components are positive for the late-developing traits (Table 6 ). The model suggests that these single-locus components are largely responsible for the correlations between traits, but this general trend is not supported by the estimated covariances (Table 5 ). The estimated covariances show that although total genetic correlations were significantly larger than phenotypic correlations [which is a typical finding (Leamy 1977; Cheverud 1988) ], genetic correlations due to single-locus effects were not significantly different from those due to epistatic effects.
The model shows that epistatic effects contribute relatively small covariance components (Table 6) , and, along with their correspondingly large effect on trait variances, they are expected to make small contributions to trait correlations overall. Thus, as assessed by correlations, the epistatic effects of QTL found for the skull traits appeared to have only minor effects on their integration. If one uses the overall genetic correlations as measures of genetic integration, one might conclude that epistatic pleiotropy tends to reduce integration since genetic correlations would be larger in the absence of epistatic effects. However, since they show a strong directionality of effect when present and also often contribute considerable covariation one might conclude that the epistatic effects appear to have evolved to maintain patterns of genetic integration.
The observed pattern of pleiotropy in the skull is likely to have evolved as a correlated response to selection on adult body weight since the SM/J and LG/J lines were formed by directional selection on 60-day body weight rather than by covariation or integration in the skull per se. Our QTL analysis shows that the overwhelming majority of the pleiotropy detected is positive (see Table 6 ), suggesting that the selection regime may have favored positive pleiotropy and perhaps trait integration. However, because the overwhelming majority of single-locus QTL effects are positive (20 of 23 additive effects and 15 of 18 dominance effects are positive for early developing traits while 43 of 48 additive effects and 12 of 14 dominance effects are positive for latedeveloping traits), there is little opportunity for singlelocus pleiotropy to be negative. As a result, we cannot determine whether selection favored positive pleiotropy because of trait integration or whether the predominance of positive pleiotropy is simply a secondary outcome of a selection regime that produced a pattern of positive genetic effects as a correlated response to directional selection on trait means (see Orr 1998) .
In contrast to single-locus effects, the signs of epistatic effects are not strongly biased toward being positive or negative (14 of 31 epistatic effects are positive for early developing traits while 31 of 74 epistatic effects are positive for late-developing traits), but we still find that all epistatic pleiotropy is positive (Table 6 ). Therefore, the pattern of epistatic pleiotropy may show a signature of selection for positive pleiotropy and perhaps genetic integration. This suggests that epistatic pleiotropy could play a role in the evolution of integration, but it is unclear how epistatic effects could evolve to contribute to the evolution of integration. This requires further theoretical work.
